To solve synchronization movement problem in human-robot haptic collaboration, the robot is often required to recognize intention of the cooperator. In this paper, a method based on radial basis function neural network (RBFNN) model is presented to identify the motion intention of collaborator. Here, the human intention is defined as the desired velocity in human limb model, of which the estimation is obtained in real time based on interaction force and the contact point movement characteristics (current position and velocity of the robot) by the trained RBFNN model. To obtain training samples, adaptive impedance control method is used to control the robot during the data acquisition process, and then the data matching is executed due to the phase delay of the impedance function. The advantage of proposed intention estimation method according to the system real-time status is that the model overcomes the shortcoming of difficult estimating the human body impedance parameters. The experimental results show that this proposed method improves the synchronization of human-robot collaboration and reduces the force of the collaborator.
Introduction
Human-robot collaboration is used in many fields such as military, space technology, industry, medical treatment and healing, helping old or disabled people, and entertainment [1, 2] . However, the way of human-robot cooperation has the disadvantages of synchronization, excessive interaction force, and poor motion compliance.
To make the robot track a prescribed trajectory, impedance control is acknowledged to be a promising approach for interaction control. Then there is no doubt that, in different applications of human-robot shared control systems, the methods of changing assistant lever of the impedance parameters are often used. Ikeura et al. proposed to adjust the online damping parameters in an optimal manner by minimizing a selected cost function in helping a human carry a large, heavy, or awkward object [3] . S.M.Mizanoor Rahman et al. modified the power-assist control by using a novel control strategy based on the weight perception and load force features. The control modification reduced the excessive load forces applied by the subjects in each lifting scheme [4] .
There are many methods based on behavioral characteristics from visual image acquisition to forecast human behavior [5] , including facial recognition [6] and outline recognition [7] . However, these methods are not available for applications in which only the interaction force information is provided in physical human-robot interaction.
Kazuhiro Kosuge and Norihide Kazamura proposed several algorithms to generate the motion based on the intentional force and experimentally compare them, including method of force augmentation type, method of position control type, and method of velocity control type [8] . Dylan P. Losey et al. provided a unifying view of human and robot sharing task execution. They defined three key themes that emerge in shared control scenarios, namely, intent detection, arbitration, and feedback [9] . As the first step in sharing tasks, it is necessary to explore methods for how the coupled pHRI system can detect what the human is trying to do, and how the physical coupling itself can be leveraged to detect intent.
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In many physical human-robot interaction (pHRI) applications, the intent can be defined in a binary way. It is often ascertained from a brain-machine interface (BMI), as seen in [10] . In other applications, user intent is defined in terms of a velocity or position trajectory, the predicted forward path of the user and/or robot. Human motor control is complex, involving activities in the central nervous system (CNS), the peripheral nervous system (PNS), the musculoskeletal system, and finally the environmental interactions that are being controlled. At each of these subsystems there are measurable physical quantities, called state variables, which are manifestations of the human intention. In order to manage the complexity of an upper limb robotic prosthesis, in many researches, a user is often given predefined poses, grasps, or functions that the prosthesis can complete autonomously. In [11] [12] [13] [14] , upper limb prosthetics are controlled by the user in selecting one of these predefined functions; therefore, it is possible that the user intent is represented by a single categorical variable. There are two main approaches to recognize human intention based on myographic signals: pattern recognition and mapping to continuous effort. The pattern recognition approach is to map patterns of any number of signal features to desired prosthesis poses, grasps, or functions. The way in which control algorithms learn this mapping varies, but common approaches are LDA, SVMs, and artificial neural networks (ANNs) [11, 12, 15] . Other researchers have worked to develop control systems that explicitly learn the mapping between EMG signals and user's desired joint torque. An excellent example by Kiguchi et al. is the use of an adaptive neurofuzzy modifier to learn the relationship between the root-mean square (RMS) of measured EMG signals and the estimated user's desired torques [16] .
From human-human interaction experience, instead of measuring myographic signals to estimate human intention, two collaborators can easily complete a handshaking task or an objects-carrying task based on the interaction force between the humans. Moreover, the interaction force is easily and precisely measured compared to electromechanical signals by using a 6-DoF force/torque sensor at the robot end effector to monitor the human-robot interaction. Therefore, the following discussion is based on interaction force to recognize human intention.
Many examples of user intent detection revolve around estimating the user contribution to the interaction force. In order to obtain the interaction force, and to realize the robot assists the user minimally in achieving the predefined trajectory, Pehlivan et al. use an inverse dynamics model of the robot to estimate the user force applied to the robot from the robot encoder measurements [17] . Some researchers defined the motion intention of the human partner as the desired trajectory in the employed human limb model, which is estimated by developing an NN method. However, the real human motion intention needed in the training phase is difficult to obtain in practice. In [18] , a Hidden Markov Modelbased high-level controller is used to estimate stochastic intention, but it is very complex and difficult to establish a model of intention recognition. C. Lee uses the Baum-Welch algorithm to train Hidden Markov Model, which predicts the collaborator's intention by learning the meaning of the collaborators' gestures. However, this method does not really realize the purpose of identifying partner intention [19] . In [20] [21] [22] , human intentions are predicted by establishing a dynamic model of collaborator. Passenberg C. uses human models and jerk models to recognize human intention with extended Kalman filtering method [23] . These estimation methods based on the human body model are very difficult because the impedance parameters of the human body are variable and can be hardly obtained [24] . In addition, the measured interaction force can be used to estimate other forms of motion intention. For example, the interaction forces measured in the handles to predict possible walking modes or the walker's forward path in [25, 26] .
In this paper, a method for identifying the intention of collaborators based on machine learning is proposed. Through the use of a radial-based function neural network, an intelligent forecasting model for human intention recognition is set up. It could help the robot to acquire some knowledge of the human motion intention according to the force of the partner and the movement characteristics of the robot in the cooperation process so that the robot behavior can be controlled accordingly. The advantage of this method lies in overcoming the disadvantages of the difficulty of establishing the human-machine collaboration model and avoiding the difficulty of estimating the human body impedance parameters of traditional methods. The experimental results show that this method improves the synchronization of human-robot collaboration and reduces the force of the collaborator.
Problem Statement
In this paper, we assume that the end effector of robot physically interacts with the human hand (shown in Figure 1 ). Particularly, it is assumed that there is only one interaction point.
In this model, human intention is defined as human expected acceleration, velocity, and position, which are represented by {̈ℎ ,̇ℎ , ℎ } in the Cartesian coordinate. {̈,̇, } are used to represent expected acceleration, velocity, and position of the robot accordingly. {,, } Journal of Robotics 3 and {̈, , }, respectively, represent current acceleration, velocity, and position of the human hand and the robot. { , , } and { , , }, respectively, represent inertia matrix, damping matrix, and stiffness matrix of cooperator and robot. ∈ 3 is the interaction force. The robot arm dynamics in the operational space is described as [27] 
where
where ∈ × is the Jacobian matrix; ( ) ∈ × , ( ,) ∈ × , ( ) ∈ , respectively, represent inertia matrix, damping matrix, and stiffness matrix of robot; ∈ is joint torques vector; ∈ is the vector of constraint force exerted by the human limb. It is difficult to estimate the robot dynamics parameters. An adaptive approach as follows is often employed instead of (1).
where is a positive definite matrix;̂is the estimation of . is updated as follows:
where Γ is a positive definite matrix; is a value greater than 0.
To estimate the motion intention of the human limb, a mass-damper-spring model that describing the human limb dynamics [28, 29] is acknowledged as
where , , are inertia matrix, damping matrix, and stiffness matrix, respectively. In this paper, recognizing the collaborator intention means that how to get {̈ℎ ,̇ℎ , ℎ }. To be short,̇ℎ is defined as the motion intention of the human limb. In the following, we aim to obtaiṅℎ in this model.̂̇ℎ is defined as the estimated motion intention.
If we can get this human intention and set {̈ℎ ,̇ℎ , ℎ } = {̈,̇, }, the synchronization problem will be solved. However, it is difficult to estimate , , from (5) because the inertia, damping, and stiffness matrices of the collaborator are time-varying based on different human arm position and task [30] .
In human-human interaction scenario, it is natural to recognize the partner intention by exploring interaction force, position, and velocity between the interacting parties. Based on the idea in this paper, the robot should also predict the collaborator intention by gathering above force, position, and velocity data at the interaction point. Therefore, we try to utilize machine learning algorithm to solve this problem. In other words, we can specify a mapping between̂̇ℎ and the current interaction state data { ,, }, which iŝ̇ℎ =̇ℎ ( ,, ), wherê̇ℎ is the estimated value oḟℎ .
Intention Recognition Based on RBFNN
3.1. Overall. As one of the popular machine learning algorithms, radial basis function neural network (RBFNN) is explained in this paper. The overall framework is mainly composed of three parts: data collection, offline learning part, and online real-time estimation part, shown in Figure 2 .
In the data collection process, in order to obtain reliable sample information, adaptive impedance control method is used to collect a large number of samples such as human intention and system dynamics.
In the offline learning process, before training the Radial Basis Function Neural Network (RBFNN) model, data matching is necessary because of phase delay of the impedance function. The delay size is = 1/ 2 + [31] . In order to obtain the effective training data, we rematch interaction force, position, and velocity to the intention velocitẏℎ . During this training process, some parameters as the number of hidden nodes and the weight of the hidden layer to the output layer are obtained.
In the process of estimating the intention online, the interactive force, the end position, and velocity information of the robot are collected, and the neural network trained offline can predict the intention information (the estimated speed) of the person. This speed information is transformed from Cartesian space to robot joint space, thus achieving the robot motion. At last, results of the two control methods are compared.
Offline Training

Adaptive Impedance Control.
In the offline training process, the adaptive impedance control method [32] is used to get the samples. The robot dynamics model is
where , are the desired inertia matrix and damping matrix, respectively. and are the real force and the desired force. The adaptive compensation term Ω is adopted to eliminate the interaction force error. Ω is designed as
where is sampling period, is update rate, and is constant. 
Radial Basis Function Neural Network. The model of RBFNN is expressed as follows:
where is the output of the neural network, p is the number of hidden nodes, is the weight value from the hidden layer to the output layer, is the extension constant of the radial basis function, is the input of the neural network, and is the center of the neural network basis function. In order to establish the network model, the network parameters are defined in conjunction with contact manmachine collaboration system variables. The name and description of the parameter are as follows:
represents n groups of observation (sample) data after matching. In order to define the number of the hidden layer nodes, K-means method is used. The K-means algorithm is generally used as a method of data preprocessing or for labeling dataassisted classification. In general, the cluster number must be a much smaller positive integer, and it can be determined through enumeration which begins with 1. According to the literature [33] , the K value can be determined via the enumeration. In this paper, we use Weighted mean value (Wmv) parameter (as follows) of cluster radius to determine K value.
where k represents the cluster number, ( ) is the average radius of the i-th cluster, is the number of data points in the i-th cluster, and is the total amount of classified data.
Gradient descent is an effective optimization algorithm that plays an important role in the iterative process of back propagation algorithms. In this paper, the gradient descent method is used to solve the weights of the neural network from the hidden layer to the output layer. Assuming there are m samples {(
, cost function can be defined as
where ℎ (⋅) is model function.
Online Prediction.
During the online prediction, the inputs are the interaction force, speed, and position of the robot, { ,, }. The output iŝ̇ℎ . The trained neural network can predict the intention information (̂̇ℎ ) of the person. This speed information is transformed from Cartesian space to robot joint space, thus achieving the robot motion.
Experimental Setup
Experimental Device.
The schematic and experimental pictures of the interaction system are shown in Figure 3 ; the parameters in the system are shown in Table 1 . The interaction force comes from the six-dimensional force sensor installed at the end of the robot, where only one-dimensional force information in the direction of the slide motion is extracted. The operating frequency of the system is 1 kHz.
Sample Data Acquisition and RBFNN.
In order to acquire training data and test data of radial basis function neural networks, the adaptive impedance control method is adopted based on the above-mentioned single-degree-of-freedom human-robot collaboration system. The training data is used to train radial basis function neural networks, and the test data is used to test the accuracy of the trained neural network model. In order to maximize the coverage of the collected data to the human-robot collaboration space data, the collaborators operate the handle to cover the robot's movement space with multiple speeds as much as possible during the data collection process. For example, the handle is moved according to sine or cosine speed motion. The sampling frequency was 50 Hz, the entire acquisition process lasted 10s, and the sampling process was repeated 3 times. In order to obtain effective training data and test data, data matching is executed according to the delay size = 1/ 2 + , where the mass matrix and damping matrix of the robot are set = 0.1, = 1. During this training process, some parameters such as the number of hidden nodes and the weight of the hidden layer to the output layer are obtained. In the process of online estimation of the intention, with the collection of the interactive force, the end position, and velocity information of the robot, the intention speed of the collaborator can be predicted by the offline trained neural network. This speed information is transformed from Cartesian space to robot joint space, thus achieving the robot motion.
Experimental Results and Analysis
In order to verify the performance of synchronization, an adaptive impedance control method [32] was compared with the RBFNN method. The tracking speed curves for the two methods are obtained, as shown in Figures 4 and 5 , respectively.
From Figure 4 , we can see that the actual robot tracking speed of adaptive impedance control method lags behind the partner's expected speed, because the robot is always in a passive follow state. However, compared with the adaptive impedance control method, the method of collaborator intention identification based on radial basis function neural network proposed in this paper eliminates about 70ms of delay and achieves the synchronization of robot and collaborator motion from Figure 5 .
In order to verify this recognition intention method based on RBFNN can save strength for the collaborator; the interaction forces are obtained by using the two control strategies, respectively, as shown in Figure 6 . During the two experiments, the running trajectory and speed are remained the same as much as possible. From Figure 6 , compared with the adaptive impedance control method, the intention recognition method based on radial basis function neural network can greatly reduce the collaborator's force. For detailed data, see Table 2 .
From Table 2 , it is seen that the mean of interaction force based on the RBFNN is very small, only 3.9175N. Compared to the method based on the adaptive impedance control, the mean of interaction force is reduced to 83.81%.
To thoroughly testify the conclusion that the method proposed in this paper can ensure synchronization in the process of human-robot cooperation with a small interaction force, in Figure 7 , the fragile item (using egg roll in the experiment) between the cooperator hand and the robot arm is used. The experimental results show that the cooperator can rapidly randomly operate the handle while the fragile item is not broken.
Conclusion
In this paper, a method of machine learning (radial-based function neural network model) is adopted to realize the estimation of the cooperation intention in the contact humanrobot collaboration. Firstly, in order to obtain training data and test data of neural network, the adaptive impedance control method is used to collect sample data. Secondly, basis neural network model is established after mapping sample data. Finally, the intention of the collaborator is identified through online prediction.
In order to verify the validity of the RBFNN method in this paper, the robot's contact point speed and interaction force are analyzed by comparing with the corresponding experimental parameters values from the adaptive impedance control algorithm. The experimental results show that the proposed method based on RBFNN can accurately identify collaborator's intention in the contact human-robot interaction, which not only can improve motion synchronization, but also can effectively reduce the interaction force.
In this paper, the proposed method was verified by simulations and experiments in a single freedom physical human-robot interaction system. However, the proposed method needs to be conducted if we want to apply it to multidegree of freedom model.
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